Introduction {#Sec1}
============

The Convolutional Neural Networks (CNNs) \[[@CR2]\], as representative deep learning models, have a remarkable ability to extract features directly from the original images and recognize the rules of these visual images with minimal preprocessing. The most common form of the CNNs architecture stacks a number of convolutional and pooling layers optionally followed by fully connected layers. Most notable among these is the convolution kernel which is a small trainable matrix used for features detection. The initialization of CNNs is about providing reasonable initial values for the convolution kernels and the fully connected layers.

The kernel initialization of the CNNs is an issue worthy of discussion. For simple Neural Networks (NN), random initialization would be a good choice. G. Thimm and E. Fiesler designed experiments to test the random weight initialization methods on the multilayer perceptron and the high order networks \[[@CR8]\]. He et al. found that the rectifying activation unit is very important for the neural network, and proposed a Parametric Rectified Linear Unit (PReLU) to generalize the traditional rectified units. It is well to be reminded that they derived a robust initialization method, particularly considering the rectifier nonlinearities \[[@CR1]\]. Sun et al. proposed Multi-layer Maxout Networks (MMN) with multi-layer which can train active function, and deduced a new initialization method dedicated to the activation of MMN. The method can reduce the movement of internal covariates when the signal propagates through the layer \[[@CR6]\]. A. Pacheco determined the input weights and bias for the Extreme Learning Machine (ELM) by using the Restricted Boltzmann Machine (RBM), named as RBM-ELM \[[@CR4]\]. Similarly, Zhang and Ji also constructed a RBM model to pre-train convolution kernels. The trained weight matrix is transformed to initialize the convolution kernel parameters of the CNNs \[[@CR11]\]. Liu et al. proposed an image extraction algorithm by mixing the AutoEncoder and the CNNs. They utilized the AutoEncoder to train the basic elements of image and initialized the convolution kernel of the CNNs \[[@CR3]\]. Yang et al. used sparse coding to extract the convolution kernel for initialization, which can shorten the training time and raise the recognition rate \[[@CR9]\]. In target super resolution, Li et al. proposed a Multi-channel Convolution image Super-Resolution (MCSR) algorithm, which used a residual CNN based on sparse coding and an MSRA initialization method to accelerate model training the convergence \[[@CR10]\]. M. S. Seyfioğlu compared two NN initialization methods, unsupervised pre-training and transfer-learning, in training the deep NN on small data sets \[[@CR5]\]. Tang et al. employed *k*-means unsupervised feature learning as the pre-training process, instead of the traditional random initialization weights \[[@CR7]\]. So far, there are no unified understanding and development methods for the initialization problem of the CNNs. Moreover, the current initialization methods gave no considerations to the sample information and cannot automatically adapt to variation of the samples. In this paper, we attempt to employ the Principal Component Analysis (PCA) into kernel initialization and propose a parametric equalization normalization to adjust the scale among the neuron weights.

The rest of the article is organized as follows. Section [2](#Sec2){ref-type="sec"} reviews the methods of the convolution kernel initialization. Section [3](#Sec6){ref-type="sec"} proposed the PCA-based convolution kernel initialization with balanced normalization. Section [4](#Sec11){ref-type="sec"} presents the experimental configuration and results; finally, the conclusions are presented in Sect. [5](#Sec14){ref-type="sec"}.

Convolution Kernel Initialization {#Sec2}
=================================

There are mainly three initialization methods: random initialization, Xavier initialization and MSRA Initialization.

Random Initialization {#Sec3}
---------------------

The random initialization method generally refers to the normal distribution randomization method. It defines a random variable *x*, which obeys a probability distribution $\documentclass[12pt]{minimal}
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Xavier Initialization {#Sec4}
---------------------

Xavier Glorot et al. \[[@CR12]\] proposed the Xavier initialization method whose core idea is to keep the variance of input and output consistent and prevent all output values from going to 0. The literature derivation gives the specific form of Xavier initialization: $$\documentclass[12pt]{minimal}
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                \begin{document}$$n_{j + 1}$$\end{document}$ is the total number of output neurons. The *U* denotes a uniform distribution within this range. Each weight parameter is randomly initialized to random value which obeys this uniformly distribution. The parameters of the method only depend on the number of input and output neurons, do not need to manually set parameters, and are completely adaptive to the size of the network model itself, and are more stable and easy to use than the random initialization method.

MSRA Initialization {#Sec5}
-------------------

The MSRA initialization method is an improved method for Xavier. It is particularly applicable to the most popular *Relu* function. Its specific form is shown in ([3](#Equ3){ref-type=""}). It is a normal distribution with a mean 0 and a variance .$$\documentclass[12pt]{minimal}
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                \begin{document}$$\begin{aligned} W \sim G\left[ {0,\sqrt{\frac{2}{n}} } \right] \end{aligned}$$\end{document}$$where *n* is the number of inputs to the layer, and *G* denotes that obeys a normal distribution. The parameters of this method are only dependent on the number of neurons of one input, less than the two parameters of Xavier, and are particularly suitable for *Relu* functions.

PCA-Based Convolution Kernel Initialization with Balanced Normalization {#Sec6}
=======================================================================

In this section, we employ the Two-Dimensional Principal Component Analysis (2DPCA) to extract the feature vectors of the image and introduce an equalization normalization method to adjust the scale of the weight between layers.

Two-Dimensional Principal Component Analysis {#Sec7}
--------------------------------------------

Suppose there is an image sample set $\documentclass[12pt]{minimal}
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Since the variance of each principal component is gradually reduced, the key information included is also decremented. So generally, the contribution rate can indicate the amount of information occupied by a principal component. Specifically, it refers to the proportion of the cumulative value of the total variance of a principal component, also, the proportion of the sum of a feature value to the sum of all feature values, which is:$$\documentclass[12pt]{minimal}
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2DPCA Initialization {#Sec8}
--------------------

The 2DPCA method is used to initialize each convolution kernel in the network. The initialization is based on training sample data. The size of the convolution kernel is $\documentclass[12pt]{minimal}
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Manually select one picture for each category from all the data. That is, a total of *n* pictures can be selected. Each picture can correspond to a category of its own.Count the number of neurons input and output for each convolutional layer, and use the Xavier initialization method to initialize all the parameter weights $\documentclass[12pt]{minimal}
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Parametric Equalization Normalization {#Sec9}
-------------------------------------

For an *N*-layer convolutional neural network, the loss function is defined as $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$\ell (z_N)$$\end{document}$. We usually want the gradient of the weight $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$W_k\left( {i,j} \right) $$\end{document}$ of the *k*-th layer to satisfy the following form:$$\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$\begin{aligned} C_{k,i,j}^2 = {E_{z_0}} \sim D\left[ {\frac{\partial }{{\partial {W_k}\left( {i,j} \right) }}\ell \left( {{z_N}} \right) } \right] = {E_{{z_0}}} \sim D\left[ {{z_{k - 1}}\left( j \right) \frac{\partial }{{\partial {z_k}\left( i \right) }}\ell \left( {{z_N}} \right) } \right] \end{aligned}$$\end{document}$$where *D* is the set of input images and $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$y_k = \frac{\partial }{\partial z_k}\ell \left( z_N \right) $$\end{document}$ is the backpropagation error. A similar formula can also be applied to offset $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$b_k$$\end{document}$, except that the coefficient becomes constant 1.

In order to make all parameters be able to learn at the same speed, we need to scale ([5](#Equ5){ref-type=""}) proportionally, hoping to be a constant for all weights:$$\documentclass[12pt]{minimal}
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                \begin{document}$$\begin{aligned} \overline{C} _{k,i,j}^2 = \frac{{C_{k,i,j}^2}}{{\left\| {{W_k}} \right\| _2^2}} \end{aligned}$$\end{document}$$Among them, $\documentclass[12pt]{minimal}
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                \begin{document}$$W_k$$\end{document}$, but due to the effect of nonlinear activation function, this condition is difficult to control and guarantee, and the change of weight will directly affect the final output value $\documentclass[12pt]{minimal}
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                \begin{document}$$y_k$$\end{document}$. We therefore need to simplify ([6](#Equ6){ref-type=""}) so that each convolution kernel in the same layer $\documentclass[12pt]{minimal}
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                \begin{document}$$W_k$$\end{document}$ satisfies about a constant, rather than strictly for all weights:$$\documentclass[12pt]{minimal}
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                \begin{document}$$\begin{aligned} \overline{C} _{k,j}^2 = \frac{1}{N}\sum \limits _i {\overline{C} _{k,i,j}^2} = \frac{1}{{N\left\| {{W_k}} \right\| _2^2}}{E_{{z_0}}} \sim D\left[ {z_{k - 1}^2\left( j \right) \left\| {{y_k}} \right\| _2^2} \right] \end{aligned}$$\end{document}$$where *N* is the number of rows of the weight matrix. This formula makes all the values in the same weight matrix have the same trend. At the same time, we can note that for the input in the layer has little effect on the gradient in the entire network. It can be seen that $\documentclass[12pt]{minimal}
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                \begin{document}$$\left\| {y_k} \right\| $$\end{document}$ are independent of each other, so we can further simplify the objective function:$$\documentclass[12pt]{minimal}
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                \begin{document}$$\begin{aligned} \overline{C} _{k,j}^2 \approx {E_{{z_0}}} \sim D\left[ {{z_{k - 1}}{{\left( j \right) }^2}} \right] \frac{{{E_{{z_0}}} \sim D\left[ {\left\| {{y_k}} \right\| _2^2} \right] }}{{N\left\| {{W_k}} \right\| _2^2}} \end{aligned}$$\end{document}$$The method taking the approximate value is convenient to adjust the change rate of the weight of each layer.

**Intra-layer Equalization Normalization.** For the sake of clarity, the pseudo-code of the intra-layer equalization normalization is shown in Algorithm  1. For all hidden layers $\documentclass[12pt]{minimal}
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                \begin{document}$$k \in \left\{ {1,2, \cdots ,N} \right\} $$\end{document}$ in the network, we calculate the mean and standard deviation of all output values, and make all the output values satisfy the unit mean $\documentclass[12pt]{minimal}
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                \begin{document}$$\begin{aligned} {b_k}\left( i \right) \leftarrow \beta = {\hat{\mu }_k}\left( i \right) /{\hat{\sigma }_k}\left( i \right) \end{aligned}$$\end{document}$$

**Inter-layer Equalization Normalization.** The parameter adjustment method in Intra-layer Equalization Normalization makes the output of each layer satisfy a variance of 1, and for all the rate of change $\documentclass[12pt]{minimal}
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                \begin{document}$$W_k$$\end{document}$ is a constant. However, it does not guarantee the rate of change between layers. Here we use an iterative method to make the rate of change $\documentclass[12pt]{minimal}
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                \begin{document}$$C_{k,i}^2$$\end{document}$ between all layers be a constant. The pseudo-code of crossover operator is shown in Algorithm 2.
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Convolution Kernel Initialization Procedure Based on 2DPCA and Equalization Normalization {#Sec10}
-----------------------------------------------------------------------------------------

Assume that there are a total of *n* categories of picture data to be trained, the size of the convolution kernel of each convolution layer *k* is $\documentclass[12pt]{minimal}
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                \begin{document}$$R_k \times R_k$$\end{document}$, the number of convolution kernels per layer is $\documentclass[12pt]{minimal}
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                \begin{document}$$p_i$$\end{document}$, and *N* is the number of convolutional layers which determined by the model: Get the evaluation matrix set *M* according to the 2DPCA initialization process in Sect. [3.2](#Sec8){ref-type="sec"};If the number of sets *M* is greater than or equal to the number of convolution kernels $\documentclass[12pt]{minimal}
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                \begin{document}$$d_k$$\end{document}$ is less than the number of convolution kernels $\documentclass[12pt]{minimal}
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                \begin{document}$$d_k$$\end{document}$ convolution kernels with all the assignment matrices, and the remaining uninitialized convolution kernel roulette algorithm randomly selects the assignment matrix into the weight matrix $\documentclass[12pt]{minimal}
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                \begin{document}$$W_k$$\end{document}$ of the current convolution layer;Using Algorithm 1, each convolutional layer is calculated separately, and calculate the mean $\documentclass[12pt]{minimal}
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                \begin{document}$$p_k$$\end{document}$ convolution kernels within each layer;Using Algorithm 2, the entire set of weight matrixes are firstly extracted in the entire network model. The dimensions of each weight are different. The number of columns and rows in the matrix are the size and the number of the *k*-th layer convolution kernel, respectively. Then the iterative operation of the weight adjustment is performed: (4.1)Traverse all *N* weight matrices and calculate $\documentclass[12pt]{minimal}
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The above operations are iterated until the weight adjustment approaches convergence, and a new set of weight matrices $\documentclass[12pt]{minimal}
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                \begin{document}$$\left\{ {{{W'}_1},{{W'}_2}, \cdots ,{{W'}_N}} \right\} $$\end{document}$ is obtained and assigned (approximately 10 iterations).

Experiments and Results {#Sec11}
=======================

The experiment of this article is trained on Alibaba Cloud Server. The CPU model is Intel Xeon Platinum 8163 (dual core). The processor is clocked at 2.5 GHz. It uses only the CPU for training. The operating system is Windows server 2012R, and the memory size is 8 GB. The programming language is c/c++.

Histogram Analysis {#Sec12}
------------------

The output values of six hidden layers are counted in turn. The activation function uses the *Tanh* and *Relu* functions to draw the distribution histograms of the output values. Their histograms respectively as shown in Fig. [1](#Fig1){ref-type="fig"} and Fig. [2](#Fig2){ref-type="fig"}, respectively.Fig. 1.The output distribution histogram with *Tanh* activation function. Fig. 2.The output distribution histogram with *Relu* activation function.

From Fig. [1](#Fig1){ref-type="fig"} and Fig. [2](#Fig2){ref-type="fig"}, it is relatively reasonable for the distribution of each layer of the two models. The distribution of the output values of each layer is not much different, and the parameters of back propagation adjustment are all better, which makes the model easier to training. At the same time, since the algorithm is based on the specific training sample data after the principal component analysis is performed for initialization, the initial value of the convolution kernel is more suitable for this sample data, and there will be a good starting point for the optimization of such nonconvex functions.

Model Comparison {#Sec13}
----------------

In order to verify the performance of the initialization algorithm proposed in this chapter, the algorithm was applied to the classical hand-written digital data set MNIST for verification. *Relu* and *Tanh* were used as activation functions to calculate the accuracy rate after each training. The experimental results were compared with other classical Gaussian random initialization, Xavier initialization, and MSRA initialization methods to detect the rate of increase in recognition rate. Draw a graph of the accuracy rate of the training process.

The experiment adopts the classical Lenet-5 convolutional neural network model. The model consists of two convolutional layers and two alternating pooling layers, finally connects to a fully connected layer. Among them, the convolution kernel size is $\documentclass[12pt]{minimal}
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                \begin{document}$$5 \times 5$$\end{document}$, the step length is 1, the pooling window size is $\documentclass[12pt]{minimal}
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                \begin{document}$$2 \times 2$$\end{document}$, and the step size is also 2. That is, using the non-overlapping pooling and the pooling method is the maximum pooling. Whats more, the dropout regularization mechanism is added in the full connection layer to enhance the generalization ability of the network. The batch size is 1, that is, every time an image is passed in, it will adjust weight values by back-propagating and calculate the error. In order to make comparison images more clearly and avoid the interference caused by the curve crossover, calculate the overall accuracy rate after every 10 training charts, that is, the accuracy rate equels the correct number of identification pictures/the number of trained pictures. The total number of iterations is 400, that is, the curve obtained by training 4000 images. Each algorithm counts 5 times and takes the average value.

When the activation function takes *Relu*, the comparison curve of the accuracy during the training of the three different initialization methods is shown in Fig. [3](#Fig3){ref-type="fig"}. Fig. 3.The accuracy curves of different initialization methods with *Relu* activation function.

This experiment mainly contrasts the rising rate of recognition rate during training, that is, the convergence speed of the network model. From this experimental comparison chart, it can be seen that the accuracy of the four initialization methods rises as the training progresses. The recognition rate of the 2DPCA initialization method proposed in this paper rises fastest in the early stage, and it can reach the accuracy rate of 0.3 at the beginning of the training. However, the accuracy of the other methods is only 0.1 at the beginning. And for the 10 classification problem, the probability of random selection is 0.1. It can be seen that since the 2DPCA initialization is based on the actual data image initialization, a weight value suitable for the sample data can be initialized directly, and the optimization is started from a good starting point, and the accuracy rate is increased faster. And the other three methods are not based on sample data. The MSRA initialization effect is relatively good, it proves that it is indeed suitable for *Relu* activation function (Fig. [4](#Fig4){ref-type="fig"}). Fig. 4.The accuracy curves of different initialization methods with *Tanh* activation function.

It can be seen from this experiment that MSRA and Xavier have similar effects, when Tanh is used as an activation function. Since MSRA is not particularly suitable for *Tanh* functions, the effect is lower than *Relu* as an activation function, and the Xavier effect on the Tanh function is slightly higher than the MSRA initialization. Among them, the effect of 2DPCA initialized based on the sample data is still the best, and the accuracy rate of the initial period is the fastest. It can be seen that the 2DPCA initialization method both has a good effect in the *Relu* activation function and the Tanh activation function, and is not limited by the type of the specific activation function.

Conclusion {#Sec14}
==========

This paper studies the initialization method of convolutional neural network, statistics the output value of each layer under different initialization methods and draws a histogram, and analyzes the distribution of output values from the histogram. 2DPCA-based convolution kernel initialization method is proposed for the problem of its distribution. 2DPCA is used to extract key features from the sample data and initialize the convolution kernel, and an equalization normalization method is introduced to adjust the size of the weights between the layers. The method does not need to manually set hyper-parameters, avoids random values, and does not have limitations on the types of activation functions. The parameters are completely determined according to the characteristics of specific training sample data. Finally, the histogram distribution and the curve comparison diagram of the model training show that the proposed method can effectively avoid the uncertainty caused by initializing the weights and accelerate the training speed of the entire model.
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